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Abstract 
Genetic Programming (GP) is an evolutionary-algorithm based methodology that is the best suited to model non-linear 
dynamic systems. The potential of GP has not been exploited to the fullest extent in the field of hydrology to 
understand the complex dynamics involved. The state of the art applications of GP in hydrological modelling involve 
the use of GP as a short-term prediction and forecast tool rather than as a framework for the development of a better 
model that can handle current challenges. In today’s scenario, with increasing monitoring programmes and 
computational power, the techniques like GP can be employed for the development and evaluation of hydrological 
models, balancing, prior information, model complexity, and parameter and output uncertainty. In this study, GP based 
data driven model in a single and multi-objective framework is trained to capture the dynamics of the urban rainfall-
runoff process using a series of tanks, where each tank is a storage unit in a watershed that corresponds to varying 
depths below the surface. The hydro-meteorological data employed in this study belongs to the Kent Ridge catchment 
of National University Singapore, a small urban catchment (8.5 hectares) that receives a mean annual rainfall of 2500 
mm and consists of all the major land uses of Singapore. 
 
© 2016 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of the organizing committee of HIC 2016. 
 
 
* Corresponding author. 
E-mail address: havlicekv@fzp.czu.cz 
 2016 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of the organizing committee of HIC 2016
1094   Jayashree Chadalawada et al. /  Procedia Engineering  154 ( 2016 )  1093 – 1102 
Keywords: Genetic Programming; Multi-objective optimization; System Identification; Data driven modelling in Hydrology; Urban Rainfall-
Runoff modelling 
1. Introduction 
Increased global urbanization accompanied by climate change at its highest pace, calls for better understanding of 
the altered rainfall-runoff processes in the urban environments. This knowledge can help set guidelines for good storm 
water management practices and urban development. The new demands placed on the rainfall-runoff models in terms 
of land use and climate changes require models with generalization capabilities. This has been the motivation for the 
current study wherein the objective is to come up with a comprehensive data driven rainfall runoff model that can be 
applied to different types and sizes of watershed. In this contribution, as a preliminary step to the overall motive stated 
above, a modelling framework is being developed using Genetic Programming (GP) [1], a domain independent 
method, in which the model structures are constructed from the data through the random assembly of generic 
components such as reservoirs and coupled into a system using functions relating internal states and fluxes. The idea 
of employing reservoirs as generic components in GP framework is with reference to the “Tank model”, that is 
introduced to the hydrology research community by a Japanese hydrologist Sugawara [2]. The “Tank model” uses one 
or more tanks illustrated as reservoirs in a watershed, considers rainfall minus losses as the input, generates surface 
runoff, subsurface flow, intermediate flow, sub- base flow and base flow as the output, accounting for infiltration, 
percolation, deep percolation and water storages [3]. A watershed typically comprises of land uses such as settlements, 
paddy areas, gardens, vacant areas and forests. The structure of the Tank model depends on hydro-meteorological 
conditions and land use of an area. The challenge lies in knowing the number of tanks units that can exactly represent 
the mechanisms governing the runoff that leaves the watershed basin, from the rainfall received by the basin. 
Traditional approach employing tank model involves presumption of model structure based on the land use. The 
assumed model is then calibrated to fit the observed data. For example, in the case of paved areas, taking the 
impermeability into consideration, the tank model is assumed to be consisting of only one unit representing the surface 
flow. Whereas, in the case of forest that has a deep soil column, four tanks units are included in the model to account 
for infiltration, percolation and deep percolation.  
GP is an optimization method that can be used to optimize the nonlinear structure of a dynamic system by 
automatically selecting model structural elements from a database and combining them optimally to form a complete 
mathematical model [4]. GP is an established technique which has been applied to several nonlinear system 
identification tasks. But, in the context of rainfall-runoff modelling, GP is predominantly used as a short-term forecast 
tool [5]. The future is to replace GP based forecast models with GP based equation models. The novelty of this study 
is the use of GP as an optimizer of structure and parameters of conceptual model (Tank model). This approach can 
provide new insight to the dynamics of rainfall-runoff process. Also, this approach provides a tool for simpler and 
automatized way of construction of rainfall-runoff models. In this paper, GP in a single and multi-objective framework 
is trained to capture the rainfall-runoff dynamics of an urban catchment using series tanks system. To the best 
knowledge of the authors, there is no work handling the incorporation of conceptual model components into GP 
framework.  
  The outline of this paper is as follows. Section 2 describes the GP optimization algorithm employed in this study, 
highlighting all the available options, which includes, function set, fitness criteria and other GP parameters. Section 3 
provides the description of the dataset used for the study, description of the model employed to generate the synthetic 
data and results of application of the tool using the real and synthetic data. The key conclusions and future work 
directions are summarized in Section 4. 
 
2.  Conceptual Hydrological Modelling by Genetic Programming 
  This section explains GP optimization algorithm employed in this study, written in R programming language, titled 
“Conceptual Hydrological Modelling by Genetic Programming (CHMGP)”. CHMGP is an update to a standard syntax 
tree GP method SORD [6]. SORD has already been used in improving rainfall-runoff forecasts by incorporating basic 
hydrological concepts into GP [7], whereas, CHMGP is dedicated to system identification in hydrology. The main 
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differences between SORD and the latest CHMGP are the function library, control of function arguments and the 
incorporation of multi-objective fitness criterion. The function set of CHMGP structure estimation routine is given in 
Table 1. In addition to basic algebraic functions and sub-functions available in the function set of SORD, the function 
set of CHMGP also includes potential model structure components. CHMGP also provides an option for constants 
optimization using Differential Evolution algorithm. Other important features of CHMGP are explained in detail in 
the section below. 
2.1. Features of CHMGP Tool 
The general form of the GP individual in CHMGP is a linearised syntax tree array. The total number of columns of 
the GP individual array depends on the maximum arity value of the functions used. The first column can be a 
function/terminal. In case of function, other columns are pointers to arguments of that particular function or are empty 
in case of terminal. The total number of rows depends on the tree depth. Functions are the members of a pool of model 
structure components whereas the terminals are either input variables or constants (integer/real). The evaluation of the 
GP individual is processed as a symbolic expression in R after the array has been parsed. CHMGP can be applied to 
the identification of model structures from the experimental data. The model structure evolves as the GP algorithm 
minimizes objective function that measures the agreement between model and system responses. The algorithm 
constructs and reconstructs model structures using the functions from the function set. The parameters of each 
candidate model can be tuned using differential evolution algorithm [8]. Prior knowledge of the physical system is 
not required but useful in the definition and selection of potential components of the function set. The function set 
consists of the model structural components, hereinafter referred to as restricted functions (say, R2T, TANK), sub 
functions (say, delay operator, simple moving average and cumulative sum) and basic algebraic functions of the R 
library (say, +, -, *, /, sqrt, log, exp, max, min, sigmoid etc;). The main computational part of restricted and sub 
functions are written in FORTRAN 90. The arguments of the restricted functions consist of two types of parameters. 
One is the parameters with no restriction, which can be constants, independent variables or any function from the 
function set and the other is restricted parameters, which can only be constants in any level of embranchment of 
derived model. R2T is the function with known structure and stands for two tanks model as shown in Fig. 1. The 
general TANK function can represent tank model with variable number of reservoirs in series up to a maximum of 4 
with the maximum number of flows from each reservoir preset as 3. The main options of the CHMGP tool are number 
of individuals in the population, number of generations,  number of program runs (for samples), the fitness metric 
(single/multi-objective), the maximal tree depth in the initial population and in evolution, probabilities of variation 
operators, selection method, function and terminal set. The variation operators available are subtree crossover and 
three types of mutation: subtree mutation, separation and mutation of a constant. The tournament selection is 
implemented. The fitness functions in CHMGP includes, Overall Root Mean Square Error, Volume Error, Root Mean 
Square of High and Low flows and modified Nash–Sutcliffe efficiency coefficient (referred as NS0, see Equation 
(10)). Also, there is an optional feature that enables simplification of the model expressions using YACAS. 
Table 1. Function Set of CHMGP Structure Estimation Routine 
Functions Arity Remarks 
sqrt, log, exp, log10, sin, cos, tan, tanh, Hstep, 
floor, ceiling 
1 Basic algebraic 
functions. Also, 
this set can include 
other functions of 
R library 
+, -, *, /, ^, max, min, Gr, GrEq, Eq, Pdiv 2 
SMA, DLY, SSUM 2 Sub functions 
written in 
FORTRAN 90 
R2T 7 Restricted 
functions written 
in FORTRAN 90 
TANK 21 
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2.2. Multi-Objective criterion of CHMGP 
For the GP optimization in the multi-objective framework, the following four objectives are considered, namely, good 
water balance (Volume error : ࡲ૚ሺࣂሻ), good overall agreement of the shape of the hydrograph (Overall Root Mean 
Square Error (Overall RMSE: ࡲ૛ሺࣂሻ), good agreement of peak flows (۶ܑ܏ܐ܀ۻ܁۳ǣࡲ૜ሺࣂሻ) and low flows (Low 
RMSE: ࡲ૝ሺࣂሻ). The multi objective calibration problem can be stated as follows: 
ܯ݅݊ሼܨଵሺߠሻǡ ܨଶሺߠሻǡ ܨଷሺߠሻǡ ܨସሺߠሻሽǡ ߠ߳߆                                                         (1) 
Where, ș is the set of parameters to be optimized and is restricted to parameter space દ defined as a hypercube, defined 
by upper and lower limits on each parameter. The solution of equation will consist of a Pareto set of solutions 
according to trade-off between different objectives. Such a multi objective problem can be transformed into a single 
objective problem by defining a scalar that aggregates the objective functions. Using the distance function for 
aggregation, we have,  
ࡲࢇࢍࢍሺࣂሻ ൌ ሾሺࡲ૚ሺࣂሻ ൅ ࡭૚ሻ૛ ൅ ሺࡲ૛ሺࣂሻ ൅ ࡭૛ሻ૛ ൅ ሺࡲ૜ሺࣂሻ ൅ ࡭૜ሻ૛ ൅ ሺࡲ૝ሺࣂሻ ൅ ࡭૝ሻ૛ሿ૙Ǥ૞                    (2) 
Where, A1 to A4 are transformation constants. If A1 to A4 are set to zero, large weights are assigned to those objectives 
with large F values. In this study, each of the objective functions is transformed to have the same distance to the origin 
as the objective function with the largest minimum value, to provide an efficient compromise solution that puts equal 
weights to the different objectives [9]. A balanced aggregate measure can be calculated by assigning transformation 
constants such that (Fi + Ai) have the same distance to the origin. The minimum values of Fi (Fi, min) are estimated 
from the initial population of GP program. The formula to calculate the transformation constants for the balanced 
aggregate objective function is given as,  
ܣ௜ ൌ ܯܽݔ൛ܨ௝ǡ௠௜௡ǡ ݆ ൌ ͳǡʹǡ͵ǡͶൟ െ ܨ௜ǡ௠௜௡ǡ ݅ ൌ ͳǡʹǡ͵ǡͶ                                                         (3)                                                     
3. Data and Results 
This section consists of the results and discussions of the application of CHMGP tool to model rainfall-runoff 
process in Kent Ridge catchment, located at National University of Singapore (NUS) campus. 
3.1. Dataset 
  A monitoring programme was established to collect dense hydrological data in the Kent Ridge catchment. The data 
of Phase-1 of the monitoring programme, consisting of 6632 observations classified as 138 events, collected over a 
period of 9 months from September 2011 to May 2012, is used for this study. The data includes time series of 
catchment averaged rainfall intensity (P in mm) and Discharge at the catchment outlet (Q in m3/s) at one minute 
resolution, Evapotranspiration (E in mm/h) computed using meteorological data available at 1 hour resolution, from 
NUS Geography Weather station, based on Penman-Monteith equation. The events are classified based on discharge 
values as low (<=0.01 m3/s), medium (>0.01 m3/s and <=0.05 m3/s) and high flow events (>0.05 m3/s). Half of each 
type of events is considered for training and the remaining for validation, resulting in training and validation datasets 
with 3316 observations each. 
3.2. Generation of Synthetic Data using Two Tanks Model 
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The Two Tanks model is used for the generation of synthetic data in this study. The basic form of outflow equation 
is, 
ࡽ ൌ ࢇሺࡿ െ ࢎሻ                                                                            (4) 
Where, Q is the outflow / discharge from tank at time t, S is the water storage at time t, h is the height of the outlet 
and a is the discharge coefficient. 
The basic form of infiltration equation is, 
ࡵ ൌ ࢈ሺࡿሻ                                                                                (5) 
Where, I is the infiltration at time t from the tank above to the one below, S is the water storage at time t and b is the 
infiltration coefficient. 
The Two Tanks model used in this study is shown in Fig. 1. The change in storage of Tank 1 (S1) is given as, 
 
ௗௌଵ
ௗ௧
ൌ ܲ െ ܧ െ ܳͳ െ ܳʹ െ ܳʹ͵                                                             (6)                           
                                                                                        
Similarly, the change in storage of Tank 2 (S2) is given as, 
 
ௗௌଶ
ௗ௧
ൌ ܳʹ͵ െ ܳ͵                                                                         (7)    
                                                                                                       
Where, Q1, Q2, Q23, Q3 are surface, sub-surface, infiltration and base flows respectively. 
 
The simulated discharge using Two Tanks model is given as, 
 
ܳ௦௜௠ଶ் ൌ ܳͳ ൅ ܳʹ ൅ ܳ͵                                                                   (8)                                                              
 
 
Fig. 1. Two Tanks Model 
Let h1 and h2 represent the height of the outlets of flows Q1 and Q2 respectively. Let a1, a2 and a3 be the discharge 
coefficients of flows Q1, Q2 and Q3 respectively. Let b1 be the infiltration coefficient of the flow Q23. All the 6 
parameters of the Two Tanks model, namely, h1, a1, h2, a2, b1, a3 are set to have a lower bound of zero and upper 
bound of one.  
 
CHMGP is employed to retrieve the dynamics of the Rainfall-Runoff process in single and multi-objective framework 
and the results of the runs are presented in the forth coming section. The model structure identification and initial 
estimation of model parameters is performed by CHMGP and those parameters are further tuned by Differential 
Evolution algorithm. All the computations are carried out using Intel(R) Core(TM) i7-3770 CPU @ 3.40 GHz 4 cores 
processor. 
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3.2. Application 
The results of the following cases of application of CHMGP tool are presented in this section: 
(i) Simulation on synthetic data using R2T function and single objective fitness criterion 
(ii) Simulation on real data using general TANK function and single / multi objective fitness criterion 
One hundred GP optimization runs are carried out for each case and examination of these several runs gives an 
indication of likely components of the system being modelled, i.e., the number of reservoir units and parameters 
present in the model structure, in the context of the problem considered for this study. This establishes the potential 
of GP in providing useful physical insight of the catchment from the data.  
The structure of Two Tanks model used for simulation and generation of synthetic data, in terms of R2T and TANK 
functions, which are a part of the function set of CHMGP in this study, can be expressed as below: 
(i) R2T (RI, h1, a1, h2, a2, b1, a3) 
(ii) TANK(TANK (RI, h1, a1, h2, a2, b1), 0, a3, 0, 0, 0) 
Where, RI is the Reservoir Input, given as, ܴܫ ൌ ܲ െ ܧ                                           (9) 
The best model identified by GP is the one that offers a good compromise of complexity and fitness, over the 100 
independent runs. That resultant model is assessed by comparing the simulated and the observed hydrographs, based 
on visual judgment, accuracy (or error) measures (as given in section 2.2) and by using goodness of fit statistic, say, 
Nash-Sutcliffe coefficient of efficiency. 
Let, Qobs be the observed discharge and Qsim be the model discharge. 
Nash-Sutcliffe (NS) Coefficient =૚ െ σ ሺࡽ࢕࢈࢙ǡ࢏ିࡽ࢙࢏࢓ǡ࢏ሻ
૛࢔
࢏స૚
σ ሺࡽ࢕࢈࢙ǡ࢏ିࡽ࢕࢈࢙ሻ૛࢔࢏స૚
 ,   NS = 1-NS0                            (10)  
3.2.1. Simulation on synthetic data using R2T function : Single Objective CHMGP  
 
Modelling the synthetic data series using R2T function, a function with predefined structure is to prove the 
functionality of the GP approach defined in this study. The results presented here, highlight the difference between 
the performance of CHMGP without and CHMGP coupled with a constant optimization algorithm. The Table 2 shows 
the CHMGP run settings for this case. 
       Table 2. Simulation on synthetic data using R2T function: Single Objective CHMGP Run Settings 
Parameter Value 
Independent Runs 100 
Population Size 500 
Number of Generations 100 
Initialization Ramped half and half 
Tree Depth- Initial/Max 1/4 
Fitness Function NS0 
Function Set R2T 
Terminals Independent Variable: RI , Dependent Variable: Qsim2T,Random Constants: [0,1] 
Selection Method Tournament (Size=4) 
Probability of Crossover 0.7 
Probability of Mutation (Subtree/Constant/ 
Separation) 
0.5/0.5/0.3 
Parameter Optimization (if TRUE) Differential Evolution Algorithm 
The time taken to complete 100 runs without DE is 1.72 hours and with DE is 2.18 hours. The Table 3 shows the 
best model identified by GP (from all the 100 Runs) with and without DE. 
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     Table 3. Simulation on synthetic data using R2T function: Best Model- Single Objective CHMGP  
 
Model Equation 
Two Tanks Model 
(Model used for generating Qsim2T)  
Qsim2T= R2T(RI, 0.891,0.005,0.467,0.059,0.433,7.22e-06) 
GP Evolved Model without DE QGP = R2T(RI,0.783,0.023,0.995,0.017,0.3,0) 
GP Evolved Model with DE QGP=  R2T(RI,1,0.029,0,0.012,0.299,0) 
 
   In Table 3, Qsim2T represents simulated discharge data generated using Two Tanks model whose inputs are Reservoir 
Input (RI) and 6 parameters which are random constants in the range 0 to 1 chosen by the user.  QGP represents the 
best model evolved by CHMGP. This modelling exercise proves that coupling a constant optimization algorithm, say, 
Differential Evolution (DE) algorithm with CHMGP not only improves the efficiency, but also produces consistent 
solutions. In the run without DE, CHMGP handles both structure and constant optimization. CHMGP is good with 
optimizing the structure. There is consistency in the best model structure identified by CHMGP. But, CHMGP returns 
models with different parameter values as the best models in each of the 100 independent runs, as it gets stuck in local 
optima. Hence, the best model parameters are not very clear to the user. But, when coupled with DE, there is better 
control over avoiding local minima and CHMGP produces only two types of best models, with same training and 
validation fitness and complexity in all of the 100 runs, making the model selection easy and straightforward. The two 
best models are QGP= R2T(RI,0,0.012,1,0.029,0.299,0) and QGP= R2T(RI,1,0.029,0,0.012,0.299,0).  
Here, QGP= R2T(RI,1,0.029,0,0.012,0.299,0) is chosen for performance analysis. 
 
   The Table 4 shows the performance measures of the best model for the training and validation datasets evolved by 
GP with and without DE.  
 
      Table 4. Simulation on synthetic data using R2T function: Performance measures of the Best Model - Single Objective CHMGP  
 
Data Low 
RMSE 
(m3/s) 
High 
RMSE 
(m3/s) 
Volume 
Error 
(m3/s) 
Nash 
 
Training without DE 0.001 0.022 0.006 0.989 
Validation without DE 0.006 0.034 0.012 0.957 
Training with DE 0.002 0.018 0.004 0.993 
Validation with DE 0.005 0.03 0.009 0.966 
Though an improvement is observed in performance measures of validation dataset with DE, the improvement is not 
very significant. The reason can be that in this case study, the range of permissible random constants is narrow, i.e., 0 
to 1. To establish the effectiveness of hybridization of CHMGP by coupling with DE, more cases are to be tested with 
wide range of random constants. 
3.2.2. Simulation on real data using TANK function: Single and Multi Objective CHMGP 
         Table 5. Simulation on real data using TANK function: Single and Multi Objective CHMGP Run Settings 
Parameter Value: Single Objective CHMGP  Value: Multi Objective CHMGP 
Fitness Function NS0 Balanced Aggregate Objective Function 
(See Equations (1), (2) and (3)) 
Function Set TANK 
Terminals  Independent Variable: Reservoir Input (RI),  Dependent Variable: Qobs , Random Constants: [0,1] 
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Parameter Optimization  Differential Evolution Algorithm 
 
Modelling the real data series is carried out using the general TANK function. CHMGP optimizes the structure and 
parameters of the Tank model for the given data. A comparison of the results obtained by employing the single and 
multi objective fitness criterion (balanced aggregate of four objective functions) is also presented in this section. The 
Table 5 shows the CHMGP run settings for this exercise. For the remaining run settings, see Table 2. The time taken 
to complete 100 runs for single and multi objective fitness criteria with DE are 14.24 hours and 19.41 hours 
respectively. The general TANK function used in the runs of this exercise has a maximum arity of 21 (Reservoir input 
+ 20 parameters, as shown in Table 1), that can represent up to four tanks model. CHMGP fits one, two, three and 
four tanks models to the data in the process of evolution of model structure and DE tunes the parameters of the evolved 
model structure. Fig.2. is the plot of fitness vs. complexity of results of CHMGP runs for both single and 
multiobjective cases. The complexity values of 1, 2, 3 and 4 representing one, two, three and four tanks models 
respectively are plotted on y axis and corresponding fitness values of the models are plotted on x axis. The fitness 
value for the single objective case is NS0 (See Equation (10)) and multiobjective case is Balanced Aggregate Objective 
Function (See Equations (1), (2) and (3)). 
 
a  
 
b
 
  
Fig. 2. Fitness vs. Complexity plot (a)Singleobjective CHMGP ; (b) Multiobjective CHMGP 
From the Fig. 2, it is clear that CHMGP has found that the Two tanks model (highlighted by a black circle) is the 
better representation of the Kent Ridge catchment data used for this study, taking both fitness and complexity into 
consideration. The fitness is not significantly affected when the complexity reduces from 4 to 2.  This is also in line 
with the theory of urban catchments, i.e., Four Tanks model structure is applicable only for the areas which have deep 
soil column. Percolation and deep percolation captured by the third and fourth tanks may not be very significant in 
urban areas.  The Table 6 shows the best model identified by GP (over the 100 runs) using single and multi objective 
fitness criterion.  
 
Table 6. Simulation on real data using TANK function: Best Model- Single / Multi Objective CHMGP  
 
Model Equation 
GP Evolved Model  (Single Objective) QGP _single =TANK(TANK(RI,0.908,0.985,0.009,0.421,0.02),0.006,0.061,0.774,0,0.377) 
GP Evolved Model (Multi Objective) QGP_multi = TANK(TANK(RI,0.94,0.905,0.018,0.501,0.016),0.011,0.061,0.054,0.002,0.395) 
 
The Table 7 shows the performance measures of the best run for the training and validation datasets using single 
and multi objective fitness criterion. Incorporation of the multi objective fitness criterion produced a slight 
improvement in the case of validation dataset 
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      Table 7. Simulation on real data using TANK function: Performance measures of the Best Model - Single / Multi Objective CHMGP  
 
Data Low 
RMSE (m3/s) 
High 
RMSE (m3/s) 
Volume 
Error (m3/s)
Nash Correlation 
Training Single Objective 0.0118 0.0764 0.0202 0.9202 0.9616 
Validation Single Objective 0.0111 0.0774 0.0196 0.8723 0.9378 
Training Multi Objective 0.0122 0.0763 0.0204 0.9198 0.9616 
Validation Multi Objective 0.0114 0.0764 0.0197 0.8739 0.9391 
Testing more cases and better implementation of multiobjectiveness can help improve the GP result. The Fig.3 shows 
the hydrographs of the real data and GP evolved models.
a  
 
b
 
Fig. 3. Hydrographs (a) Training data ; (b) Validation data 
4. Summary  
Conceptual Hydrological Modelling in Genetic Programming (CHMGP) is an R based GP optimization program 
dedicated to system identification in the field of hydrology. In this study, components of conceptual model (Tank 
model) are incorporated into GP framework for understanding urban Rainfall-Runoff process. CHMGP has a 
customized function set which contains special functions (model components and sub-functions) written in 
FORTRAN 90 apart from the basic functions of the R library. The efficiency of CHMGP depends on the quality of 
function set. The function set is to be defined carefully by the user such that it is a good pool of potential model 
components. If the function set is too general including all basic algebraic functions and sub-functions, CHMGP 
currently tends to produce an empirical best-fit rather than a meaningful model structure. The input hydro-
meteorological data used in this study belongs to Kent Ridge catchment in Singapore. Two Tanks model is used to 
generate synthetic discharge data for the study. CHMGP coupled with Differential Evolution Algorithm enhances its 
efficiency. CHMGP has found that the Two tanks model provides a better representation of this urban catchment in 
terms of both fitness and complexity, when tested with the real data. Incorporating the multiobjective fitness criterion 
did not contribute to significant improvement of the GP result. The future work will focus on better implementation 
of multiobjectiveness and overfitting control. Overall, CHMGP approach is promising and can be extended to other 
complex hydrological models. 
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